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Abstract: Computer-aided algorithm plays an important role in disease diagnosis through medical
images. As one of the major cancers, lung cancer is commonly detected by computer tomography.
To increase the survival rate of lung cancer patients, an early-stage diagnosis is necessary. In this paper,
we propose a new structure, multi-level cross residual convolutional neural network (ML-xResNet),
to classify the different types of lung nodule malignancies. ML-xResNet is constructed by three-level
parallel ResNets with different convolution kernel sizes to extract multi-scale features of the inputs.
Moreover, the residuals are connected not only with the current level but also with other levels
in a crossover manner. To illustrate the performance of ML-xResNet, we apply the model to
process ternary classification (benign, indeterminate, and malignant lung nodules) and binary
classification (benign and malignant lung nodules) of lung nodules, respectively. Based on the
experiment results, the proposed ML-xResNet achieves the best results of 85.88% accuracy for ternary
classification and 92.19% accuracy for binary classification, without any additional handcrafted
preprocessing algorithm.
Keywords: lung nodule classification; computed tomography; residual convolutional neural network;
ternary; binary
1. Introduction
In 2018, more than 1.7 million people died from lung cancer, which accounted for the highest
proportion of deaths of all kinds of diseases, reaching 18.4%. Meanwhile, lung cancer led to the highest
number of new cases in 2018, at more than 2 million cases [1]. Lung cancer has the highest death
rate (26%) among the top four major cancers with a low five-year survival rate of 18%, according to
the report from American Cancer Society in 2019 [2]. The reason for the low survival rate is that the
clinical symptoms of lung cancer usually present in the advanced stage [3]. Hence, the early diagnosis
is essential, which can improve the five-year survival rate to above 90% and also enhance the chance
of cure.
A lung nodule is an abnormal growth on the lung that is smaller than 30 mm [4]. If it is larger
than 30 mm, it is called lung mass and has a higher chance of being cancerous [5]. Lung nodules can
be benign and malignant. Benign nodules are noncancerous, and generally have more regular shapes,
smoother contours, smaller size, and fatter tissue density than cancerous nodules [4], as shown in
Figure 1a. Benign nodules are usually asymptomatic and do not have the risk of spreading to other
body parts. Malignant nodules are cancerous, and have more irregular morphologies, higher density,
and are larger than benign nodules and show the evidence of nodule spiculation [4], as shown in
Figure 1c. Malignant nodules can spread to other organs or tissues and proliferate quickly, consequently
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causing physical discomfort and even threatening life. There are also some nodules that are hard to
be consistently diagnosed among radiologists who have different experiences, as shown in Figure 1b.
They may have similar morphologies as both benign and malignant nodules. For example, patients
may have solitary or single pulmonary nodule as well as multiple nodules. Therefore, doctors can





Figure 1. Samples for three classes: (a) benign nodules; (b) indeterminate nodules; and
(c) malignant nodules.
The diagnosing of lung cancer is assisted in computer tomography (CT). The physicians give
interpretations and inferences relying on their experiences. However, inescapably, they are affected by
subjectivity, or even fatigue when they read many CT images in a day [6]. At present, a computer-aided
diagnosis (CAD) system has become an important measure and assistance to mitigate their work,
especially the deep learning methods [7]. Deep learning is popular and performs impressively on
numerous aspects of diagnostic modes, such as medical imaging [8], EEG, ECG [8], etc. Due to the
extensive and in-depth development of deep learning in computer vision, the progress of medical
imaging benefits from this tend. There are plenty of techniques used in medical image processing,
such as convolutional neural network (CNN) [9], transfer learning [8], attention mechanism [10,11],
generative adversarial networks (GAN) [12], unsupervised learning [13], etc. for disease classification,
detection, segmentation, reconstruction, and so forth [14,15].
Likewise, lung cancer diagnosis and classification has acquired some achievements from
CNNs [14]. For binary classification, Shen et al. [16] proposed a multi-scale CNN (MCNN) to train three
scales of input images. These images are inputted into a weight shared network which can be regarded
as one CNN network, and the network is a standard shallow CNN. Therefore, the classification
performance is limited. Then, to improve the classification performance, they proposed a new structure
named multi-crop CNN (MC-CNN) [17]. This structure is mainly based on the multi-crop pooling
method, which crops the center of the feature maps twice to quarter size. Next, it uses different times
of max-pooling to produce multi-crop features. However, multiple downsampling causes the loss
of useful features. They achieved 87.14% for binary classification. Nóbrega et al. [18] studied the
performance of transfer learning for lung nodule classification based on 11 kinds of existing and widely
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used models, such as VGG, ResNet, DenseNet, and NASNElarge. Then, they classified the extracted
deep features using six categories classifiers, e.g. Support Vector Machine (SVM), Random Forest
(RF), etc. Finally, they obtained the best accuracy of 88.41% and AUC of 93.19% by ResNet50 with
SVM-RBF. Dey et al. [19] proposed four two-pathway networks based on the 3D CNN: basic 3D CNN,
3D multi-output CNN, 3D DenseNet and 3D multi-output DenseNet (MoDenseNet). All the networks
are pre-trained on the ImageNet. The two-pathway networks are trained by the two-view of inputs.
Finally, they gained the best accuracy of 90.47% by the 3D multi-output DenseNet. However, they only
applied 686 nodule samples for both training and testing processes.
In 2019, a deep local–global network was proposed for lung nodule classification [20]. In this
structure, the residual blocks and the non-local blocks are connected alternately, followed by a global
average pooling layer and sigmoid classifier. However, they did not change the size of the features
during the entire process, which is all through the same as inputs. Then, suddenly the size is changed
to 1 × 1 using global average pooling. In this way, there are many redundant features during the
convolutions and information is lost when using the global average pooling, which is not suitable for
extracting useful features for the classification. El-Regaily et al. [21] proposed a multi-view CNN to
reduce the false positive rate for lung nodule binary classification. They obtained three views from
the nodule’s 3D model: axial, coronal, and sagittal. Then, these three views are inputted into three
complete CNNs, training their softmax classifiers individually. Finally, they fused three outputs to
get the final classification result using a logical OR operation. However, the CNNs they used are
three layers of the standard network. Even though they used a logical OR operation to select the
best classifier, the classification ability of each classifier is limited. Hussein et al. [22] proposed to
classify the lung and pancreatic tumors using both supervised and unsupervised methods. For the
supervised model, they introduced a multi-task learning method based on a transfer-learning-based
3D CNN, which combines the classification and attribute score estimation. They obtained an accuracy
of 81.73% for binary classification. For the unsupervised learning, they used the proportion-support
vector machine to get the initial labels and label proportions. Then, they classified the tumors based
on them. They achieved a 78.06% accuracy for lung nodule classification. However, the dataset they
used only includes 1144 nodules. Liu et al. [23] proposed a multi-task network for lung nodule
binary classification and attribute score regression to enhance the performance of two tasks. Then,
they applied a Siamese network with a margin loss to learning to rank the most malignancy-related
features to improve the distinguishing ability of the network. They achieved an accuracy of 93.5%,
a sensitivity of 93.0%, a specificity of 89.4%, and an AUC of 97.90%. However, they only used 1250
images. Although they used five-fold cross-validation to evaluate the effectiveness and robustness
of the network, the quantity of the dataset is only 5.7% of ours. Small datasets may cause a lack of
universality.
However, not all nodules have distinguishing characteristics to identify. There are some
indeterminate nodules for experienced professionals. They need to combine other measures to make
a definite diagnosis. Therefore, identifying these nodules is also essential to the treatment and cure
of the patients. In this task, we label this class of nodules as indeterminate for ternary classification.
Shen et al. [17] also considered the ternary classification, and the accuracy is only 62.46%. In our
previous work [24], we proposed a multi-level convolutional neural network (ML-CNN), which
consists of three levels two-layer CNNs, and achieved an accuracy of 84.81%.
As lung nodules have different sizes and various morphologies, inspired by Inception [25],
multi-scale features of input are gaining attention. While different from Inception, we designed a
multi parallel levels structure based on the ResNets [26], and all levels are with different scales of
convolutional kernels. Moreover, to share the information among all the levels, we propose to connect
the residuals cross levels additionally. Overall, in this paper, we propose a multi-level cross ResNet
(ML-xResNet) to enhance the performance of lung nodule malignancy classification in thoracic CT
images, including ternary and binary classifications. We classify the nodules into benign, indeterminate,
and malignant in ternary classification, and then we delete indeterminate nodules to get the binary
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dataset. Our approach was evaluated on the Lung Image Database Consortium and Image Database
Resource Initiative (LIDC-IDRI) database [27].
ML-xResNet is based on the following ideas. Since the lung nodules have various sizes and
morphologies, using a fixed size of filter to extract their features causes information loss or insufficiency.
To solve this problem, we design a novel structure named multi-level cross residual (ML-xRes) block.
The ML-xRes block consists of three parallel residual blocks in the same structure but different
convolution kernel sizes for extracting multi-scale features of the input nodules. Moreover, due to the
lack of fusion among all scales of features, to improve the efficiency of extracting multi-scale features
of the inputs, we propose to connect the residuals not only in the same levels but also cross other
levels. In this way, with the training process, the information on all levels is shared and combined.
Then, we insert the ML-xRes blocks into our multi-level structures. Except for the blocks, others are
the typical convolution structures with max-pooling layers. Finally, we fuse the outputs of three levels
using the concatenate technique and classify the nodules using a softmax classifier.
The rest of the paper is organized as follows. Section 2 describes the details of the proposed
ML-xResNet. Section 3 introduces the materials we used. Sections 4 and 5 show the experiment results
and discussion. Section 6 concludes the paper.
2. Methods
In this section, we describe the main components of the proposed ML-xResNet, the ML-xRes
block. Then, we introduce the proposed multi-level cross residual neural network in detail.
2.1. Multi-Level Cross Residual Block
Lung nodules with different malignancy are on different scales and various morphologies.
For small size nodules, if using a large filter to extract their features, after several times of down
sampling, the feature maps only contain few pixels of the small object, while the majority is irrelevant
information or even blank. It leads to loss of details and low classification accuracy for small nodules.
Meanwhile, for large size nodules, if extracting features using a small filter, even after several times of
down sampling, the receptive fields are too small to capture the holistic information of the nodules,
which also causess a low classification accuracy. Therefore, we need to use a filter with a small receptive
field for small size nodules, and a large filter for large size nodules. However, the input nodule sizes
are random and unpredictable, and it is impractical to design a particular filter size for each scale
of objects.
We propose to address this problem in three aspects. Firstly, we design a multi-level structure
to extract multi-scale features of the nodules. For input, using different sizes of filters can extract its
different scales of features. The multi-level structure is constructed by parallel convolutions with small
and large kernels; thereby, each level extracts a scale of features. Thus, we have more appropriate
reception fields for both small and large nodules than a single scale filter. Then, for the convolution,
we adopt the residual technique. The excellent performance of ResNet has been proved in both
computer vision and medical imaging tasks, which can efficiently solve the problem of gradient
vanishing. By connecting the residuals from former layers, it can also help to offset the loss of details
for small nodules or to gain more holistic information for large nodules. However, the different scales
of features in those levels are independent. To further enhance the details or the holistic information of
the nodules, we propose to fuse the multi-scale features. It is proved that the fusion of different scales
of features is helpful to identity multiple scales of objects [26,28,29]. Therefore, we combine all scales
of features through residuals connections. To share information between different levels, we propose
to connect the residual information not only at the same level but also across other levels. In this way,
with the process of training, the different scales of features are fused adequately.
The proposed block is shown in Figure 2, named multi-level cross residual (ML-xRes) block.
Considering the computational cost, instead of connecting a residual with all the other levels, we only
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connect it with its next level or with the first level if the residual is in the last level. Therefore, the final
outputs of the ML-xRes block are defined as{
o1 = f1(x1) + x1 + xL, i = 1
oi = fi(xi) + xi + xi−1, i ∈ {2, 3, ..., L}
(1)
where we assume that there are total L parallel levels in the block, the inputs of this block are x1, x2, ...,
xL. Their corresponding outputs are defined as f1(x1), f2(x2), ..., fL(xL), respectively. The i means the
ith level and oi means the output of the ith level. The convolution kernel size of each level is ki. Based










f1(x1) + x1 + xL
f2(x2) + x2 + x1
fL(xL) + xL + xL-1
⁝ ⁝
Figure 2. The illustration of the multi-level cross residual block. The residuals x are not only connected
to the output of their existing layers, but also added to the cross layers. The residual in the last layer is
connected to the output of the first layer. The conv means convolution + BN + ReLu.
2.2. Multi-Level Cross Residual Neural Network
Based on the proposed ML-xRes block, we design a multi-level cross ResNet (ML-xResNet) to
classify the lung nodule malignancy. The architecture of the three-level-xResNet is shown in Figure
3. The ML-xResNet consists of three parallel levels of five-layer ResNets, including two ML-xRes
blocks. The number of levels of structure and layers was determined by trial and error through
experiment, while we also analyzed the causes. The residuals in the ML-xRes block are connected only
with the adjacent levels; after the first block, the output of each level is composed of three elements,
namely the output and input of the current layer and the input of adjacent layer. These three features
are only from two of the three levels. Then, through the second block, all the levels’ features in
different scales are fused completely. Two blocks are the most suitable for our task based on the
experiment result. The convolution kernel size of each level is 3× 3, 11× 11, and 7× 7, respectively,
for extracting multi-scale features of the input. For classification tasks, 3× 3 is the most common
convolution kernel size. However, some of the lung nodules in this task occupy huge areas of the
images. Therefore, we need to design lager filters for those nodules. Nonetheless, if using the large
filter size, the computation would be increased. To balance the performance and efficiency of the
network, we propose to use the above-mentioned three scales of filters as the size of the images in our
task is 52× 52. For the odd layers, a dropout layer and a max-pooling layer follow the convolution layer.
The dropout keep rate is set at 0.8, as the experiment also showed that it is the most reliable number in
our task. The output of an even layer as well as the residuals from the same level and adjacent level
are of the same dimensions and are connected by elementwise addition. The two ML-xRes blocks can
share information between three levels to improve the identifying ability of the features. Then, we fuse
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all the features at the end of three levels using concatenation. The outputs of the fifth layers of three
levels are concatenated together, and then, we use a global average pooling layer to summarize the
information. At last, a softmax classifier is used to identify the nodules’ malignancies.
3×3 conv, 64, /2 3×3 conv, 64 3×3 conv, 128, /2
11×11 conv, 64, /2 11×11 conv, 64 11×11 conv, 128, /2




3×3 conv, 256, /2
11×11 conv, 256, /2



























Figure 3. The diagram of the multi-level cross residual neural network. The input x is inputted into
three parallel levels which have the same structure but different convolution kernel sizes. ML-xResNet
contains two xRes blocks and three normal convolutional layers as well as max-pooling layers. Then,
fusing the outputs of three levels by the concatenate layer, and through a global average pooling layer,
the final result can be obtained by the softmax classifier.
Since we have smaller data size, we use a smaller network to extract features than the traditional
ResNet, but it is efficient for our task. The classifier identifies different classes objects based on both
semantic and detail features. Small filters usually can develop more detail information of the input
but are lacking the ability of the semantic representation. For the large filters, it is the opposite.
The proposed ML-xResNet tackles this problem through the multi-scale feature extracting and fusion
techniques. After the fusion of all scales of features, the details and the semantic information of a nodule
can remedy the characteristics of each other, thus improving the classification performance. Moreover,
when we design the filter sizes, to alleviate the overfitting problem, we do not employ too large filters.
As we know, the overfitting problem reduces the classification accuracy. In the meantime, compared
to the standard convolution, the residual technique of the ResNet can also improve the classification
performance. Overall, the proposed ML-xResNet can enhance the classification performance of the
lung nodule malignancy.
3. Materials
In this section, we introduce the database we used and how we obtained our training and testing
datasets. Then, we present the experimental setup of the experimental environment, the setting of the
hyperparameters, and the assessment criteria.
3.1. Data
The database we used in this work is the publicly available Lung Image Database Consortium and
Image Database Resource Initiative (LIDC-IDRI) [27,30]. In this database, 1010 patients participated,
and in total 1018 cases are presented. All the cases were scanned in thoracic CT and comply with the
standard of the Digital Imaging and Communications in Medicine (DICOM). There are three kinds of
nodules: nodule ≥ 3 mm, nodule < 3 mm (small nodule), and non-nodule ≥ 3 mm. The data were
annotated by four radiologists independently. The images in this database have a uniform in-plane
pixel size of 512 × 512.
3.2. Data Setup
According to the annotation documents, only nodules larger than 3 mm have malignancy
annotations, thus we excluded 142 cases with an only small nodule or non-nodule markings as
noted in the nodule collection report [31]. Besides, there are 11 cases we deleted as some information
is missing. Finally, the proposed methodology was applied to 865 CT scans. As annotations in the
database, there are five different ratings of the malignancy levels ranging from 1 to 5: Levels 1 and
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2 are considered as the benign nodule, Level 3 as the indeterminate nodule, and Levels 4 and 5 as
the malignant nodule. As every nodule was annotated by more than one radiologist, the diagnosis
was attributed to the class with the highest frequency. If two classes both have the highest frequency,
we considered this nodule as an indeterminate nodule. Consequently, we gained 5376 benign, 11,000
indeterminate, and 22,499 malignant nodules from the database, respectively.
In this research, we set the ratio of the training and testing data as 85:15. We solved the unbalance
between the nodule numbers in each case in the following way. We kept all the indeterminate
nodules, doubled the number of benign nodules for the training set, and halved the number of
malignant nodules randomly. For the benign nodules, we rotated the training data, and then added
the original training benign nodules. Finally, we obtained 9139 benign nodules for training. Therefore,
the final number of nodules for each class was 10,752, 11,000, and 11,249, respectively, for the ternary
classification. Regarding the binary classification, we only deleted the indeterminate nodules to classify
the benign and malignant nodules. All nodules were cropped based on the annotations and resized
uniformly to 52 × 52 pixels since using the original size of the images is computationally expensive.
3.3. Experimental Setup
Our experiment was implemented in Python code using Tensorflow [32] and Tensorlayer [33]
deep learning libraries, running on a machine with an Intel Core i7-8700K processor, 31.3 GB memory,
GeForce GTX 1080 Ti 16 GB GPU, and Ubuntu 16.04 operating system.
The ML-xResNet was applied to both ternary and binary classifications. The corresponding
parameters were set as followings. We trained the network in 300 epochs with a batch size of 200.
The initial learning rate was 0.001, the momentum was 0.9, and the weight decay was 5× 10−4. We took
the cross-entropy as the loss function [34]. Moreover, the dropout parameters used in this network
were all set as 0.8. For the ternary classification, we evaluated the performance of the proposed method
with accuracy as well as the six-fold cross-validation. For binary classification, besides the accuracy,
we also added sensitivity, specificity, and Area Under Curve (AUC) to evaluate the performance of
our network, where the curve presents the Receiver Operating Characteristic (ROC) curve. They are
defined as follows:
Accuracy = (TP + TN)/(TP + FP + FN + TN) (2)
Sensitivity = TP/(TP + FN) (3)
Speci f icity = TN/(TN + FP) (4)
where TP is true positive, FN is false negative, TN is true negative, and FP is false positive.
4. Results
We conducted several experiments to evaluate the performance of the proposed ML-xResNet.
We carried out both ternary and binary classifications in our experiments.
4.1. Ternary Classification
We introduce how to select an efficient configuration from diverse structures and hyper parameters
based on ML-xResNet. Thereafter, we compare our method with the state-of-the-art models to illustrate
the significant improvement of ML-xResNet.
4.1.1. The Exploration of ML-xResNet Structure
For the proposed multi-level parallel structure, we first evaluated the three-level xResNet we
adopted by comparing it with different levels of networks. Except for the level numbers, all of these
networks have the same structure and hyperparameters. To choose an optimum level of ML-xResNet,
we compared the accuracies of 1–4-level structures. Since the kernel sizes we used in the three-level
xResNet are 3 × 3, 11 × 11, and 7 × 7, the kernel sizes of compared single- and two-level network
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were one of or two of them, and we compared the results from all the permutation and combination.
For the four-level structure, we took an additional level with kernel size of 5 × 5 along with the
other three kernel sizes. The comparison results are shown in Table 1. We simply use S_S to present
the combination of different kernel sizes. It is shown that, for the single-level networks, the model
with a filter size of 11 obtains the best result, whereas the network with a filter size of 3 has the
lowest performance. For the two-level architecture, the combination of 3_11 achieves the best result.
As the number of levels increase from one to three, the classification accuracy increases. However,
in contrast, when the number of levels is increased to four, the performance is not improved. Overall,
the multi-level structures are all better than the single-level network, and our proposed three-level
structure is the best for solving our ternary classification problem. The reason is, compared with
single-level network, the multi-level structures can identify more characteristics of different kinds of
nodules by extracting and fusing multi-scale features of the inputs. Moreover, compared with two
levels model, the proposed ML-xResNet can combine more scales of features, which makes the network
have better generalization. However, when there is an additional level, the adverse effect outdoes the
improvement of one more scale of features, which causes a decrease of the accuracy. It indicates that
the proposed ML-xResNet has the most appropriate number of levels.
Table 1. Comparison of different levels and convolutional kernel sizes xResNet in accuracy, the best
result is in bold.
Levels Convolutional Kernel Size Accuracy (%)
Single Level 3/7/11 79.75/83.48/84.60
Two Levels 3_7/3_11/7_11 84.10/84.90/84.46
Three Levels 3_7_11 85.88
Four Levels 3_5_7_11 84.83
Then, we compared ML-xResNet containing two ML-xRes blocks with the networks with different
numbers of ML-xRes blocks. All networks have three-level xResNet. The comparison results are shown
in Table 2. The connections of the ML-xRes blocks and standard convolution layers are alternated,
and the first and last layers are standard convolution layers. Therefore, for clarity, we also show the
numbers of features of each layer in Table 2. It shows that, with the number of the block increasing
from one to two, the performance is enhanced with a more than 4% improvement. However, when the
number of blocks continues to increase to four, the accuracy degresses more and more rapidly. The main
reason is that the increasing of the blocks causes the increasing of the parameters of the network, and
the problem of overfitting is raised. Further, the overfitting leads to a worse generalization of the
networks. It reveals that our ML-xResNet containing two blocks has the best representation for all
kinds of nodules. The reason is that the features extracted by our model have more details compared
with the models with three and four blocks since they have more down-sampling layers, which lead to
the loss of details of the nodules. Inversely, the network only with one ML-xRes block is down-sampled
once. However, it does not have enough abstract features to present semantic information. Therefore,
for this task, the proposed structure with two ML-xRes blocks has the best representation power.
Table 2. Comparison of different numbers of ML-xRes blocks of ML-xResNet in accuracy, the best
result is in bold.
Number of xRes Blocks Number of Features of Each Layer Accuracy (%)
1 64, 64, 128 81.77
2 64, 64, 128, 128, 256 85.88
3 64, 64, 128, 128, 256, 256, 512 85.06
4 64, 64, 128, 128, 256, 256, 512, 512, 512 83.25
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Subsequently, since we adopted dropout layers following each odd convolution layers, to evaluate
the performance, we compared it with the networks having different dropout keep rates as well as
a network which contains dropout layers after all the convolutional layers. The comparison result
is shown in Table 3. If we do not use dropout layer in our model, i.e. we use dropout layers which
keep all the neurons, the classification accuracy is lower than our model using the keep rate of 0.8.
It indicates that the dropout layers help in reducing the overfitting influence. However, if we use lower
keep rates or increase the layers using dropout layer, the accuracy declines. The reason is that the
features extracted by the no-dropout-layer structure are redundant. For the network without dropout
layer, we directly use it to classify the nodules, and the overfitting problem causes the generalization
to be reduced. For the networks which dropout more neurons, the remaining information would be
incomplete; especially for the keep rate of 0.5, where only half of neurons are kept, both the details
and semantic information are lacking. In this way, incomplete features lead to lower classification
accuracies. We usually use the dropout rate of 0.8; however, its choice is vague for different tasks and
it can be adjusted if necessary. For this task, we adopted the general number of 0.8 and achieved the
best performance.
Table 3. Comparison of different dropout keep rates and dropout layers of ML-xResNets in accuracy,
the best result is in bold.






4.1.2. Evaluation of the ML-xResNet
We evaluated the stability and efficiency of the proposed ML-xResNet by using six-fold cross-validation.
Then, we show the classification results for each class and show the extracted features of each level. Then,
we evaluate the performance of the proposed ML-xResNet with state-of-the-art methods.
The validation of the reliability and robustness of ML-xResNet is by the six-fold cross-validation
since the training to testing ratio is 85:15. We split the dataset into six groups of 15% data, which
were used as the testing set one after another, with the rest was the training set. Finally, the average
classification accuracy is 85.88%, achieving state-of-the-art performance. Then, we evaluated the
stability of the proposed network based on the results of the six-fold cross validation by calculating
the standard deviation. We obtained 0.8588± 0.0121. Therefore, our proposed method is stable in
this task, and we take the best-performed result as our final result. Besides, we use fewer layers than
the DenseNet and its variations but achieve the best performance. The three-level cross DenseNet
takes many concatenation operations, and the number of features grows after each epoch, which slows
down the computation speed. We show better efficiency than the three-level cross DesNet in both
compute speed and classification performance.
Moreover, we also tested the classification accuracy for each class; the results are shown in
Table 4. It reveals that the proposed ML-xResNet has the best performance for classifying malignant
nodules and reaches 86.92%, which is 1.04% higher than the average accuracy of the three classes.
For benign nodules, the classification accuracy is close to the average accuracy of 85.88%. However,
for the indeterminate nodules, the accuracy is 0.87% lower than it. The reason is that, compared to
the indeterminate nodules, the benign and malignant nodules have more distinguishable features.
For some of the indeterminate nodules, even the radiologists who diagnosed the nodules gave the
opposite annotations. It means that those nodules have both benign and malignant characteristics,
and they are hard to confirm by the CT images and need further diagnosis. Therefore, the proposed
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ML-xRes strategy is efficient to identify them using the fusing features through both the details and
the semantic information.





Finally, we compared the performance of the proposed ML-xResNet with state-of-the-art
algorithms. The MC-CNN adopts the multi-crop technique in the first pooling layer to extract
multi-scale features of the input. It consists of three convolution and pooling layers, and each layer
extracts 64 features. We also compared with the adjusted DenseNet [35], which performed very well in
the classification task, as well as with its three-level version and three-level cross-version.
The comparison testing results are tabulated in Table 5. It is shown that the adjusted DenseNet only
achieves an accuracy of 68.90%. When we applied the multi-level and the multi-level cross-connection
strategies, the performance is improved obviously. Based on the results of the DenseNet and its
variants, we verified that the multi-level structure is better than the single level one in our task,
and the multi-level cross strategy performs better than the multi-level only. Moreover, the accuracy
of our proposed ML-xResNet approach is 2.19% higher than the three-level cross DenseNet. Besides,
the three-level cross DenseNet takes more time for training and testing processes. MC-CNN performs
worst than the single level DenseNet, 23.42% lower than the ML-xResNet. It indicates that our proposed
ML-xRes strategy is more powerful at extracting distinguished features of the nodules. Therefore, our
proposed ML-xResNet achieves the best performance for ternary classification.








In this section, we extend our work to binary classification. The nodules were classified into two
classes: binary and malignant. Besides, the network we used in this task is entirely the same as the one in
ternary classification, the same structure and the same hyperparameters. It also has the best performance
in the binary task. We evaluated the performance of ML-xResNet in the binary classification with the
state-of-the-art models using four assessment criteria: accuracy, sensitivity, specificity, and AUC.
We compared with the mentioned MC-CNN and other state-of-the-art networks.
da Nóbrega et al. [18] employed multiple of pre-trained models to extract features of the
lung nodules, which are then classified by six kinds of classifiers. Finally, the combination of ResNet50
and SVM-RBF achieves the best performance. The MoDenseNet consists of two pathways 3D
DenseNet; different scales of inputs are inputted into two networks. Hussein et al. [22] proposed a
novel supervised and unsupervised method for the lung nodule classification. They obtained the best
result by using the supervised structure, which utilizes a multi-task algorithm for both classification
and attributes score regression. The deep local–global network consists of two combination blocks of
the ResNet block and the Non-local block, followed by a global average pooling layer to summarize
the features. Finally, a sigmoid classifier is used to get the result. The multi-view CNN trains three
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CNNs for the three views of the input, respectively, and then, uses an OR operation to get the final
classification result.
The comparison result is shown in Table 6. It shows that our proposed ML-xResNet get the best
performance in accuracy, sensitivity, and AUC. MC-CNN performs best in the specificity. In the area of
disease diagnosis, sensitivity presents the percentage of sick people who are correctly identified as
having the condition, while the specificity presents the percentage of healthy people who are correctly
identified as not having the condition. Therefore, for the CAD, an assistive tool for diagnosing, it is
more important to classify the images with diseases as correctly as possible. For the state-of-the-art
methods, only MoDenseNet achieves an accuracy above 90%. Besides, the transfer learning and
multi-task learning combination method in [22] shows the worst performance among all the structures.
Apart from the Deep local–global network, the rest of the six algorithms can be roughly divided into
three categories. ResNet50 with SVM-RBF and the method in [22] both use the transfer learning method
to classify the nodules. MoDenseNet and the Multi-view CNN are mainly based on the multi-view
input strategy to improve the effectiveness of the features. MC-CNN and our proposed ML-xResNet
mainly consider extracting multi-scale features of the input. The Deep local–global network uses
a combination of ResNet and non-local blocks to classify the nodules. Compared to other kinds of
methods, our proposed strategy shows better generalization ability. By using multi-size filters to extract
features, the nodules with various sizes have more appropriate receptive fields, which improves the
classifier’s distinguishing ability. Another reason the generalization ability is better is that we use more
data than the other methods. Most of the methods only use hundreds of data, and at most thousands.
Small datasets cause the network to only fit a few kinds of data and have low generalization. Therefore,
the proposed ML-xResNet shows the best performance for binary classification.
Table 6. Compared with the state-of-the-art methods for binary classification, the best results are
in bold.
Models Accuracy (%) Sensitivity (%) Specificity (%) AUC(%)
MC-CNN [17] 87.14 77.00 93.00 93.00
ResNet50 + SVM-RBF [18] 88.41 85.38 – 93.19
MoDenseNet [19] 90.40 90.47 – 95.48
Deep local–global Network [20] 88.46 88.66 – 95.62
Multi-view CNN [21] 89.90 85.26 90.66 94.85
Paper [22] 81.73 78.24 85.97 –
This work 92.19 92.10 91.50 97.05
Above all, according to all the experiment results, it can be proven that our proposed model has
the best performance in both the ternary and the binary classification tasks.
5. Discussion
Usually, the objects we study are with various sizes and morphologies, especially the organs,
tissue, and lesions. Researchers have taken some measures to tackle this problem, such as the
multi-view networks and the multi-scale networks. However, mostly, it is difficult or costly to get
multi-views or scales of an object of medical image. Therefore, we turn our idea to extract multi-scale
features of a fixed view image instead of the fixed scale features of multi-view/multi-scale inputs. We
propose to achieve it by the ML-xResNet algorithm, which extracts multi-scale features for different
sizes and morphologies without any changing for the inputs.
Based on the experiment results, we found that the proposed ML-xResNet accomplishes the
best performance in both ternary and binary classification tasks using the same architecture and
hyperparameters. Similarly, Shen et al. [17] also implemented their method, MC-CNN, in both the
above tasks; however, their performance of binary classification was 24.86% higher than of ternary
classification, while this gap is only 7.1% using our model. It reveals that our method has better
performance for similar tasks. It indicates that our multi-level xRes strategy can explore and extract
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more powerful features than their multi-crop pooling strategy; therefore, our method has a better
representation power for the lung nodule images.
According to the results in Table 1, we know that the multi-level structure is effective for solving
the lung nodule classification problem. However, with the growth of the levels, the parameters are
too many to get better performance. The overfitting problem shows more influence on the result than
the improvement with more levels and scales of features. This situation also appears in Table 2. Then,
we use the dropout technique in our model. However, as shown, when we use dropout layers after all
the convolution layers, it shows a worse result than only adding them below the odd layers. The above
indicates that, if the network is too wide or too deep, the performance would be worse with the growth
of the parameters. The reason is that, if the network is too wide, it will produce redundant information,
which causes the overfitting problem; if the network is too deep, the details of the features would be
only few pixels or even disappear, which leads to the features not being distinguished, as well as to
the overfitting problem. To avoid the too wide or too deep architecture requires more experience and
experiments for different tasks, which is what we did in this study. Moreover, the number of dropout
layers or dropout rate also reflects the performance of the network. Therefore, selecting appropriate
hyperparameters is very important.
After the evaluation through the experiments, it is indicated that the enhancement of performance
attributes to the proposed multi-scale convolution method, which helps the network extract more
effective features, is also attributed to the strategy of cross residuals, which guarantees all scales of
features share information during training to improve the identification ability. Besides, the selection
of dropout parameter helps the network to minimize the influence of overfitting. Furthermore, the
proposed method is referential to the medical imaging tasks whose classification objects have a variety
of sizes and morphologies, and our experimental procedure also displays the exploration process.
6. Conclusions
In this paper, we introduce a novel deep learning computational architecture, multi-level cross
ResNet, to classify the malignancy of lung nodules. We studied both ternary classification, which
includes benign, indeterminate, and malignant categories, and binary classification, with benign and
malignant classes. The evaluation results show that the multi-level and cross residual structures help
to extract multi-scale features and fuse them to improve the performance in both binary and ternary
classifications. In the future, we will consider combining some unsupervised deep features on patch
level to enrich the features, as it have been proven that multi-task learning can improve performance.
We will also study how to classify the nodules directly using the full size of images. Since nodules are
small compared with a lung, to improve the classification performance, we would adopt the attention
mechanism or use a segmentation method to highlight the nodules in the full size of the image.
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